In this paper we correlate the key features of the distribution of wealth of the 500 wealthiest individuals in the Netherlands with economic growth and stock market returns for 1998 to 2009. We show that each year the distribution obeys a power law and that the key parameter measures the degree of inequality. Our main finding is that more inequality amongst the wealthiest is associated with higher economic growth.
Introduction
Each year in the fall, the Netherlands-based magazine Quote publishes its Quote 500 ranking of the 500 wealthiest families and individuals. They started this publication in 1998, so up till now there are 12 such rankings including 2009. In this paper we study the distributional properties of these rankings, and we examine the evolution of these over time. To the best of our knowledge, these Quote 500 data have never been analyzed before. Additionally, and this is new to the literature, we correlate the properties of these distributions with real economic growth and with stock market data. This paper is largely of an exploratory nature. We describe the features of the data, and we do so using standard and a few new techniques. One new method involves the clustering of the 500 individual ranks into a smaller set of ranks that are associated with approximately similar wealth levels. For example, we will show that for some years the 500 individual quotes can be summarized by 6 clusters with similar quotes. When doing so, we can for example conclude that the cluster with individuals with the largest wealth gets smaller over time.
The outline of our paper is as follows. In Section 2 we provide basic statistics of the wealth rankings over the years. Interestingly, the data obey so-called power laws almost perfectly. We also examine the evolution of the basic statistics over time. In Section 3 we correlate a few of the main features with real economic variables as Gross Domestic Product (GDP) growth and stock market returns. We find that more economic growth leads to more inequality amongst the wealthiest. In Section 4 we conclude this paper with a discussion of how our findings fit with the findings presented in the relevant literature.
Descriptive statistics of the wealth data
Each year since 1998 the magazine Quote publishes its ranking of the 500 wealthiest families or individuals in the Netherlands. Ever since 1998 the Royal Family is present in the top 10, and also well-known families like Heineken and Fentener van Vlissingen are included. The way the list is compiled has been rather constant over time, so it is possible to evaluate any tendencies over time.
Basic statistics
We created a database with all the 500 entries each year, and in total there are more than 900 entries over the 12 years of data, covering 1998 to and including 2009. Table 1 about here In Table 1 we give a few basic summary statistics of the distribution for each of the twelve years. As is also obvious from the graph in Figure 1 , for the data for 2004, the distributions of the wealth data are extremely skewed. The means and the medians in Table 1 are very different, and also the difference between the maximum values and the minimum values is large. In the period 1998-2009 there are two episodes with less than average economic growth, and these are around 2001-2003 and 2009 . These episodes are also reflected by the numbers in Table 1 , where the mean, median, minimum and maximum are clearly smaller in those periods than in other periods. The maximum value across all years and individuals is observed for 2008 with a value of 24100 million euros.
To give an impression of the sheer size of this wealth of about 24 billion euros, it is good to know that annual GDP in the Netherlands in the observed time frame is around 400 to 500 billion euros. Finally, Table 1 shows that the distribution of wealth is not constant over the years, and major changes in means, medians and standard deviations can occur.
Insert Table 2 about here The changes in the distributions can also be observed from the numbers in Table 2 , which concern the individual changes. For example, in 1999 there are 418 families and individuals who were also on the list in 1998, and the mean percentage change in their wealth is 27.8%. The median is usually smaller than the mean, which here says that there is a distribution skewed to the right. Indeed, each new year more individuals have more wealth and those who substantially lost their wealth will more likely drop out from the list. Table 2 Table 2 , and hence the regressions include 418 to 476 observations for 1998 to 2009, respectively. The results are presented in Table 3 , and it is clear that the distributions change over time. Indeed, when the distributions would be most similar, then the intercept should be zero and the slope parameter should be equal to one. Comparing the estimates in Table 3 with their standard errors, we see that only for the years 2006 and 2007 the distributions do not differ much from those in the years before. The final column gives the R 2 for each of the regressions, and clearly the fit is quite high. Hence, there seems to be some information in year T-1 that can be used to forecast the data in year T. A graphical illustration of this feature in presented in Figure 2 , where the regression line approximates the 45 degree line.
Power laws
An alternative way to summarize the data amounts to fitting a distribution to the data. In other studies where wealth data are analyzed empirically, it has been documented that such data can well be described by a Pareto distribution or more in general, by a power law, see for example Persky (1992) and Davies and Shorrocks (2000) . Castaldi and Milakovic (2007) study the Forbes 400 list (which lists the 400 wealthiest American families and individuals) and they find supportive evidence for the presence of a power law, see also Levy and Solomon (1997) . In brief, a power law implies that there is a link between the wealth value and the rank on the list. The (slightly more strict) law of Zipf states that the first ranked has twice as much wealth as the second ranked, and that this second ranked has twice as much wealth as the number four on the list. Mathematically this implies that there is a linear link between the (natural) logarithm of wealth and the (natural) logarithm of the rank. A very readable survey of power laws is given in Newman (2005) .
Insert Figure 3 about here
Insert Table 4 about here
In Figure 3 , which consists of six panels, each covering two years of data, we depict the correlation between the log of wealth and the log of the rank. The graphs are quite striking in the sense that the scatters indeed suggest linear links for all years. We also see that the distributions change over time, as sometimes the lines do not overlap.
To quantify the precise relation, we regress the log of wealth on the log of the rank for each of the twelve years, and the main results are presented in Table 4 . Of course, the regression line would be the least precise in the upper tail of the distribution, see the discussion on the proper estimators in Castaldi and Milakovic (2007) close to 1, and hence the fit is very good. So, we see that also the Quote 500 distributions closely follow a power law. Note that the larger the absolute value of the slope is, the larger is the inequality of wealth in the sense that the difference between top values and bottom values of wealth is larger. As could be expected from the various panels of Figure   3 , the power law holds for all years, even though the distributions changes over time.
Clusters of ranks
The graphs in Figure 2 show that the distribution of points is not uniform over the line, that is, there are more wealth data in between, say, 50 to 100 million euros than that there are in between 200 and 500 million euros. It may thus be that the 500 entries of the distribution can be summarized into a smaller set of ranks where for each new rank there is a cluster of families and individuals with approximately the same wealth.
Insert Figure 4 about here
To examine the presence of clusters, we take a closer look at the distribution of the data, after taking natural logarithms. In Figure 4 we present a typical graph of such a distribution. Clearly, the empirical distribution shows multi-modality. We exploit this feature by fitting a mixture of S normal distributions to the data. In brief, for each of the 500 data points we assign a probability 1 p that it is a draw from a normal distribution with mean 1  and variance 2  , a probability 2 p that it is a draw from such a distribution with mean 2  and variance 2  , and so on. We restrict the variance of these distributions to be equal in order to be able to fit a distribution to clusters with just a few observations.
Based on the estimated probabilities for each observation, we use the 0.5 cut-off point to assign an observation to one of the S clusters. Some experimentation indicated that a maximum value of 6 for S should do. We use the Akaike and Bayesian information criteria (AIC and BIC) to make a choice for S.
Insert Tables 5 and 6 about here In Table 5 we give the AIC values and in Table 6 the BIC values, where the smallest values are in italics. Interestingly, for both criteria we see that the preferred value of S is either 5 or 6, and never below 5. When AIC and BIC are in agreement, we take that particular value of S, and when the criteria disagree we follow BIC.
Insert Table 7 about here
In Table 7 we give the estimation results for each of the twelve years. A first observation is that the estimate of the variance 2  is remarkably constant over the years.
Second, the standard errors for the s  parameters are quite small, so apparently the S clusters are rather distinctive. Only in case a cluster contains a single observation (2005, 2008, and 2009 ) the standard error is large due to lack of data. Note that the estimates for the means concern log-transformed data. When the cluster with the highest mean value gets the new rank 1 and the next cluster rank 2 and so on, one could graphically show that again there is a linear link between these means and the log of the rank. Hence, the power law is robust to clustering.
Insert Table 8 about here
In Table 8 we give the ranks out of the 500 that are now clustered in the new ranks 1 to 5 (or 6). Additionally, we give the range of the wealth in each of these clusters.
We learn from Table 8 In sum, the Quote 500 rankings of wealthy families and individuals change over time, although each year's distribution can neatly be approximated by a power law. When the rankings are summarized into a ranking of six clusters, the power law is preserved. It would now be interesting to see of the distribution of wealth is somehow correlated with the real economy.
Correlating wealth with the economy
Now we have characterized the distribution of the Quote 500 data over the years, it is of interest to examine if the key features if these distributions have something in common with the real economy. As key variables that could be associated with wealth we use real GDP growth and the (annual) stock market returns on the Amsterdam Stock Exchange (AEX). The data for the Netherlands are given in Table 9 .
Insert Table 9 about here Insert Figure 5 about here Some unreported analysis of the data indicates that stock market returns do not correlate with wealth, that is, after correction for effects of economic growth these returns do not add much information. In fact we find that one-year lagged returns have predictive value for economic growth. So, the rest of the analysis now purely focuses on economic growth.
First, when we regress economic growth on the mean and median of the changes in wealth (Table 2) , and estimate the parameters using Two-Stage Least Squares (TSLS)
to account for simultaneity (with one-year-lagged variables as instruments, we get slopes of 0.190 (0.072) and 0.394 (0.066), respectively, with standard errors in parentheses. In words, more economic growth is associated with higher increases in wealth, see also Figure 5 .
Second, when we analyze the links between the  coefficients in Table 4 and economic growth, we find the growth negatively correlates (-25.6 with 12.11 as standard error) with the current value of the coefficient and that current  negatively correlates (-0.020 with standard error 0.008) with lagged growth. In words, more inequality in wealth is associated with higher economic growth, while past positive economic growth makes inequality to increase further.
This last finding is further supported when we regress the logs of the means, medians and standard deviations in Table 1 on lagged economic growth, where each of the estimated slopes is significant and positive. If we were to use these last three models for forecasting the properties of the Quote 500 distribution in 2010, we would predict a mean of 89.8, and median of 39.0 and a standard deviation of 264.9.
Conclusions
In this paper we have analyzed the distributional properties of the Quote 500 data on the 500 wealthiest families and individuals in the Netherlands. It turns out that the distribution changes over time, and that these changes are correlated with economic growth. Even though there are changes in the distribution, we find that the wealth data can be adequately described by a power law. Such a power law is also found for the data when they are clustered in six clusters with each approximately similarly wealthy families and individuals.
A main finding in our paper is that lagged economic growth causes inequality amongst the wealthiest to increase. In the literature on economic growth and inequality this is not a common finding. In fact, usually the correlation is found the other way around, that is, economic growth decreases inequality and also less inequality makes economies to grow. A contrasting argument is presented in Barro (2000) , where he argues that the positive correlation could well exist if one were to look only at richer countries. Hence, our finding supports his line of thought that when there is already a base level of income or wealth, that then a further increase in economic output would even increase inequality. 
